1. Introduction {#SEC1}
===============

Small area studies are commonly used in epidemiology to investigate the spatial variation of a health condition across the population or to evaluate the geographic patterns of diseases in relation to environmental, demographic, and socio-economic factors.

These studies are based on administrative registries, which are characterized by good spatial coverage for large populations, but usually only record a very limited set of information (typically age, sex, and spatial location) and thus miss important confounders (e.g. data on lung cancer or respiratory diseases from Hospital Episode Statistics (HES) databases do not include information about smoking), potentially leading to biased estimates of the effects of risk factors (e.g. air pollution).

In this article, we integrate data from administrative registries with cohorts/surveys, which contain detailed information on participants. Through this, the inferences drawn at the ecological level will take advantage of the population representativeness and of the statistical power from the administrative registries, but at the same time will allow to adjust the effect estimates for all the potential confounders available from the cohorts/surveys.

Registries contain data on each individual in the target population, while cohorts/surveys typically cover only a subset of individuals; for this reason confounders obtained from the latter source will be typically partially measured and available only on a subset of areas, leading to a missing data issue which needs to be tackled. Multiple imputation (MI), pioneered by [@B21] is probably the most common strategy to deal with this issue and consists of a Monte Carlo simulation to replace the missing values with a relatively small number of simulated versions. The two main approaches to implement MI are joint modeling and chained equations. As [@B11] showed that the difference in the results from the two approaches are negligible, chained equations are preferred as they are based on conditional distributions, enabling fast computations. As an example, the Multiple Imputation using Chained Equation (MICE) proposed by [@B3] fixes initial values for all the missing variables and regresses each of these against the remaining ones cyclically a number of times (see [@B27] for a thorough review of the method). Then, in a separate step, the imputed variables are included in the substantive model, which evaluates the link between the exposure/risk factor and health outcome. Such approach can suffer from lack of "congeniality": [@B16] states that for a model to be congenial the imputation model needs to include the same variables (including the dependent variable) as those of the substantive model, in order to avoid estimates biased toward the null; this might be non-trivial for non-linear relationships between the outcome and the exposure/risk factors, which is the case when the outcome is available in the form of aggregated counts as in small area studies. Furthermore, such method is not suited to add spatial dependency in the imputation model, which may lead to bias if the missing values are geographically related, as it is often the case in a small area study.

In a Bayesian perspective, missing data imputation is generally considered via the integration of the imputation and the analysis models in a coherent global framework (see for instance [@B18], [@B6]). This approach benefits from extreme flexibility, but entails heavy computational burden if there are more than a few missing covariates, *de facto* requiring oversimplifications of the epidemiological problem, as in reality the number of potential partially measured confounders is typically large.

To avoid high-dimensional imputation, a viable alternative summarizes the partially measured confounders from the cohorts/surveys through a composite index, so that only one variable needs to be imputed. In this perspective, the propensity score (PS) has been suggested, in the form of a calibration model proposed by [@B25] as well as in a Bayesian framework developed by [@B15]. The first approach estimates a gold standard PS on the units with information on the partially measured confounders, while an "error-prone" PS is estimated on all the units. Then [@B25] specify a regression model to estimate the relationship between the gold standard PS and the error-prone PS in order to predict the gold standard where missing. Note that the proposed calibration model assumes a linear relationship between the gold standard PS and the error-prone PS; moreover, the outcome variable is not included in the regression (in contrast to what is recommended in the missing data literature). The second method is a Bayesian Propensity Score formulated to include information from a cohort with fully observed confounders in an individual level study based on administrative data. The PS is built on the cohort data to summarize the confounders. On the individuals who do not have information on the confounders, the approach then imputes the PS from its empirical distribution. This strategy can be applied effectively regardless of the number of unmeasured confounders.

In this article, we develop a novel Bayesian modeling framework to fit the PS on small area studies and ecological covariates, which we call *ecological propensity score* (EPS). In particular, (i) we propose an imputation model for areas with a missing EPS; this accounts for the spatial structure of the data and can easily accommodate non-linearity in the relationship with other variables; (ii) we include the estimated/imputed EPS in the analysis model in a flexible way to provide effective confounder adjustment when evaluating the effect of a risk factor on a health outcome; (iii) we discuss and account for the different sources of feedback across the overall modeling framework.

The structure of this article is as follows: [Section 2](#SEC2){ref-type="sec"} introduces our proposed EPS framework for small area studies, and [Section 3](#SEC3){ref-type="sec"} presents an extensive simulation study to evaluate the performance of the developed approach and to compare it with the commonly used MICE for imputing missing data; [Section 4](#SEC4){ref-type="sec"} applies this method to assess the link between airborne particle pollution and coronary heart disease CHD hospital admissions in Greater London; finally we include a discussion and concluding remarks.

2. The ecological propensity score (EPS) {#SEC2}
========================================
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To develop the modeling framework, we consider three steps: (i) **EPS estimation**---in the areas with available individual level information on the full set of confounders ($\documentclass[12pt]{minimal}
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As our approach is formulated in a Bayesian framework a joint model could be specified for the three components; however, when using PS approaches to adjust for confounder effects, may be necessary to prevent feedback in estimating some parameters to avoid biases ([@B28]). In the remainder of this section, we describe the model in details and discuss the issues around feedback.

2.1. EPS estimate {#SEC2.1}
-----------------
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EPS is then derived following the specification of [@B15]: $$\documentclass[12pt]{minimal}
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2.2. EPS imputation {#SEC2.2}
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2.3. EPS adjustment {#SEC2.3}
-------------------
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As EPS is an index, it is not interpretable *per se*, thus it needs to be included in the analysis model through a non-linear flexible function $\documentclass[12pt]{minimal}
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Note that ([2.3](#kxx058M2-3){ref-type="disp-formula"}) and ([2.4](#kxx058M2-4){ref-type="disp-formula"}) are jointly estimated, so that the outcome is allowed to influence the missing EPS imputation via its feedback, as recommended in the missing data literature (see for instance [@B12]); at the same time uncertainty from the EPS imputation is carried forward into the analysis model.

A graphical representation of the EPS framework including where feedback is allowed/cut is visualized in [Figure 1](#F1){ref-type="fig"}.
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2.4. Specifying priors {#SEC2.4}
----------------------

To complete the model specification, prior distributions need to be assigned. For MVBYM in Model 1, the priors for $\documentclass[12pt]{minimal}
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The rest of priors are chosen to be minimally informative, i.e. the regression coefficients are modeled as $\documentclass[12pt]{minimal}
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All the models were implemented in the BUGS language ([@B14]).

3. Simulation {#SEC3}
=============

In this section, we present a simulation study to evaluate the performance of the EPS framework and to compare it with the commonly used MICE approach ([@B3]), which we implemented through the corresponding `miceR` package.
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As MICE cannot account for spatial dependency, we did not include spatial random effects in this simulation. Additionally at present MICE cannot be linked to a multilevel model to estimate $\documentclass[12pt]{minimal}
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Bias, root mean squared error (RMSE), width and coverage of the 95% credibility interval (CI) are used to compare the performance of the simulation scenarios; the true $\documentclass[12pt]{minimal}
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Note that an additional simulation set to evaluate the performance of our model for spatially structured variables and non-linearity in the confounder--outcome relationship is included in [Section 5](#SEC5){ref-type="sec"} of [supplementary material](#sup1){ref-type="supplementary-material"} available at *Biostatistics* online.

3.1. Results {#SEC3.1}
------------

[Table 1](#T1){ref-type="table"} presents the results of the simulation study when the true value of $\documentclass[12pt]{minimal}
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Ignoring the information from the confounders $\documentclass[12pt]{minimal}
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Scenario 2 and 3 assume the partial availability of $\documentclass[12pt]{minimal}
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We find that considering only the survey areas (which can be interpreted as a complete case analysis) provides slightly more biased results and at the same time greater uncertainty than when all the areas are considered and EPS is imputed whenever missing; this is expected as the sample size is smaller ($\documentclass[12pt]{minimal}
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Furthermore, Scenario 3 allows us to assess the impact of individual level sample size ($\documentclass[12pt]{minimal}
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}{}${\rm n}=5$\end{document}$, 10, 20, 100) on the risk estimate for EPS imputation. As expected the bias decreases and the coverage increases as the number of sampled individuals increases, while the uncertainty tends to decrease slightly; the latter might seem counter-intuitive, but it can be explained by the fact that the number of incomplete areas is kept the same across cases 3.2.1--3.2.4 in the table, to be able to clearly evaluate the gain in accuracy and precision when more individuals are surveyed. In the next section, we will show how considering a larger number of surveyed individuals leads to an increase in the proportion of incomplete areas and how this impacts on the $\documentclass[12pt]{minimal}
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[Table 1](#T1){ref-type="table"} in [supplementary material](#sup1){ref-type="supplementary-material"} available at *Biostatistics* online shows that the same conclusion can be drawn in the absence of an exposure effect ($\documentclass[12pt]{minimal}
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4. Illustrative example: air pollution and health in Greater London {#SEC4}
===================================================================

We apply the proposed methodology to investigate the link between air pollution exposure and CHD (a subset of cardiovascular diseases, CVD) hospital admissions in Greater London. Many studies have provided evidence that short-term exposure (hours or weeks) is associated with CVD incidence ([@B5]) and large cohort studies in the US ([@B19]; [@B17]; [@B13]) and in the Netherlands ([@B10]) have focused on the association of long-term exposure to outdoor particulate matter (PM, defined as a mixture of particles smaller than a specific size, e.g. PM$\documentclass[12pt]{minimal}
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We consider the HES, an administrative registry which provides information on admissions at population level and available to us through the Small Area Health Statistics Unit (SAHSU) at Imperial College London. The analysis is conducted for the year 2001 at the electoral ward level, with an average population of about 9600 persons. To identify the cases, we used the International Classification of Disease version 10 (ICD-10) codes I20 to I25. The number of observed cases in each ward is denoted as $\documentclass[12pt]{minimal}
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Following the standard approach in small area studies, we first run an ecological regression model which assumes a Poisson distribution on the number of hospitalizations, $\documentclass[12pt]{minimal}
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\text{log}(\lambda_i) = \beta_1 +\beta_2 X_i + \boldsymbol{C}_i^T \boldsymbol\beta_C + \xi_{1i} + \xi_{2i},
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}{}$_{10}$\end{document}$ level lower than that threshold. Note that the "protective" effect of air pollution on hospital admissions persists if other categorizations (e.g. quintiles) or a continuous exposure is considered. Residual confounding is the likely cause of this result as the confounders included in the analysis are far from exhaustive given the limited information collected from administrative data sets like HES and Census.

To overcome this issue we integrate additional sources of data providing information on potential confounders via the EPS. We consider the Health Survey for England (HSfE) which is an on-going survey on the health of the individuals living in England and includes each year around 8000 subjects across the country. Through this, we collect information on the following individual level confounders for the years 1994--2001: Education, Smoking, Passive smoking, Drinking, Obesity, Mental illness, Regular exercise, Diabetes, High blood pressure, Vitamin taken, High cholesterol, and Table salt intake.

The combined HSfE surveys covered 87.1% of London wards. From the simulation in [Section 3.1](#SEC3.1){ref-type="sec"}, it emerged that the number of individual measurements (i.e. sample size $\documentclass[12pt]{minimal}
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}{}$\boldsymbol M$\end{document}$) and then imputed through ([2.3](#kxx058M2-3){ref-type="disp-formula"}). However, this needs to be traded-off against the information lost when areas with some surveyed individuals (albeit a small number) are considered missing. [Figure 2(a)](#F2){ref-type="fig"} shows the histogram of the number of HSfE samples in the wards of London, and [Figure 2(b)](#F2){ref-type="fig"} displays the trade-off between the number of subjects per area and the geographical coverage. If there is at least one subject sampled in any ward, 87.1% of the areas will be used in the EPS estimation, while the remaining 12.9% will be included through the imputation model. Setting the threshold to $\documentclass[12pt]{minimal}
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}{}$20$\end{document}$ subjects per ward as threshold lead to 62.6% and 32.0% of the survey coverage, respectively, as shown in [Figure 2(b)](#F2){ref-type="fig"}. Due to the low geographical coverage, we did not consider the threshold higher than 20 subjects per ward.

![HSfE distribution and coverage in Greater London: (a) the number of surveyed subjects per ward; (b) the trade-off between spatial coverage and number of sampled individuals. The four dashed lines represent the thresholds considered for estimating/imputing EPS (1, 5, 10, and 20 subjects per ward).](kxx058f2){#F2}

We checked for differences in the values of the measured confounders, outcome, and exposure between wards above and below the threshold. For instance, the wards with at least 5 subjects are compared with the ones with $\documentclass[12pt]{minimal}
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The final data set includes 757 wards and 11 364 individuals from the HSfE. The EPS framework ran on a desktop with a Intel i7 3.6 GHz processor and 16Gb of RAM. It took 90 min to run two Markov Chain Monte Carlo chains, each for 50 000 iterations (25 000 discarded as burnin and 25 000 retained to estimate the posterior distribution). In [Figure 1](#F1){ref-type="fig"} of [supplementary material](#sup1){ref-type="supplementary-material"} available at *Biostatistics* online, we provide convergence checks through the $\documentclass[12pt]{minimal}
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First, we present the results of the analysis on the survey areas, i.e. including only the wards with at least five subjects from HSfE ($\documentclass[12pt]{minimal}
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Changing the threshold on the minimum number of subjects surveyed in each area does not impact substantially on the results: the point estimates remain stable across the different analyses, which points towards robustness of the estimated relationship between air pollution and CHD. However, when considering only $\documentclass[12pt]{minimal}
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}{}$i \in S \cup I$\end{document}$ which includes the EPS imputation does not show an important change in uncertainty as the threshold change, which is stable around 0.12--0.14; this suggests that what is gained in precision increasing the number of surveyed individuals is counterbalanced by the increase in uncertainty from the imputation step. In comparison, MICE shows biased results towards the naïve approach, consistently across the different thresholds.

In summary, the result of EPS in [Table 2](#T2){ref-type="table"} shows that the wards exposed to a high level of PM$\documentclass[12pt]{minimal}
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5. Discussion and conclusion {#SEC5}
============================

In this article, we developed a novel small area modeling framework based on a propensity score index to estimate the effect of an exposure on a health outcome when there are only a limited number of confounders available at the ecological level. We estimate EPS which synthesizes additional individual level confounders from external sources into an area level scalar and define a strategy to impute EPS for the areas where the individual records are missing.

Our EPS is built on the PS defined by [@B15] which considers only the partially measured confounders $\documentclass[12pt]{minimal}
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We build on from the partial PS and we (i) propose to estimate $\documentclass[12pt]{minimal}
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}{}$O$\end{document}$ to the EPS imputation. Points (iii) and (iv) are crucial: in [@B15] the feedback from the outcome influences the estimate of the PS estimation model since this is jointly estimated with the adjustment model. This joint framework has been criticized by [@B22] and recently by [@B28], which in a simulation study showed that the feedback from the outcome leads to a biased estimation of the PS estimates. As we separate the EPS estimate from the analysis model, we are not affected by this issue. In light of this, it is crucial to stress that we are not framed in a fully Bayesian perspective, but we acknowledge recent contributions in this direction (see for instance [@B23], who presented a fully Bayesian doubly robust regression for causal inference, focusing on inverse probability of treatment weighting as opposed to PS covariate adjustment). On the other hand in line with the missing data literature (e.g. [@B12]) the EPS imputation should allow for the input of the outcome $\documentclass[12pt]{minimal}
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We note that an alternative formulation of the imputation model presented in ([2.3](#kxx058M2-3){ref-type="disp-formula"}) would consist of including the exposure variable $\documentclass[12pt]{minimal}
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}{}$\boldsymbol{C}$\end{document}$ as it is framed in the same perspective of the estimation model in ([2.2](#kxx058M2-2){ref-type="disp-formula"}). Through a simulation study (presented in the [Section 4](#SEC4){ref-type="sec"} of [supplementary material](#sup1){ref-type="supplementary-material"} available at *Biostatistics* online), we have concluded that the two formulations are equivalent in terms of model performance; at the same time the alternative formulation requires an additional logistic regression, being potentially less computational efficient, thus for the main simulation and for the illustrative example we have presented the specification in ([2.3](#kxx058M2-3){ref-type="disp-formula"}).

We run an extensive simulation study to evaluate the performance of our method and to compare it with MICE, a well-designed (and commonly used) method to deal with missing data; note that this was the natural model to compare against as a standard Bayesian imputation model would not have been computational viable when considering a relatively large number of confounders. We found that the results from MICE are biased towards the naïve model (i.e. ignoring the confounders $\documentclass[12pt]{minimal}
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}{}$SMR$\end{document}$ to predict EPS in the imputation model, which is different from the feedback function of the observed and expected count in a Poisson likelihood; (ii) in MICE, a missing confounder will be predicted based on other confounders in the same area which are also missing, thus little can be gained from the iterative prediction with the missing confounders as predictors, and this results in increased uncertainty in the estimates. In addition, as MICE is not designed to take into account the spatial correlation in the imputation stage, to ensure a fair comparison we did not include any spatial structure in the simulation study; however ecological variables are in general spatially correlated, and it is important to account for such correlation in the prediction of missing confounders.

The issues mentioned above can be mitigated by using EPS. First, EPS incorporates the imputation model as a sub-model via a full Bayesian framework, which guarantees the feedback from the outcome to the missing variable is congenial, thus eliminating the bias arising from imputing a missing covariate in a Poisson likelihood.

Second, EPS compresses all missing covariates into one scalar variable, and the single missing EPS can be dealt with more effectively by the imputation model, thus avoiding the issue of using variables with missing data as predictors (as in MICE); as a result, the EPS framework is characterized by less uncertainty than considering the survey areas only. Third, EPS provides the foundation to extend the complexity of the imputation model via the Bayesian framework: we showed through an additional simulation (in [Section 5](#SEC5){ref-type="sec"} of [supplementary material](#sup1){ref-type="supplementary-material"} available at *Biostatistics* online) that the proposed method works when spatially structured variables are considered as well as when there is a degree of non-linearity between the confounders and the health outcome.

We believe that for a adequate performance of our EPS strategy, the predictive strength of the imputation model in ([2.3](#kxx058M2-3){ref-type="disp-formula"}) is crucial and should be carefully investigated in each case study. Indeed, adequate predictive strength is needed in order to balance the influence of the outcome on the EPS imputation. This is a delicate and understudies issue which will be explored in further work.

By adopting RW(2) as the link function in the PS adjustment, the EPS framework is not only highly flexible in dealing with non-linearity, but can also be implemented to analyze a large ecological data set due to its much faster speed than the splines based functions. Moreover, RW(2) can be extended to multiple covariates like $\documentclass[12pt]{minimal}
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}{}$\boldsymbol{C}$\end{document}$, and we also considered RW(2) as the ideal function to accommodate the potential non-linearity in the imputation model.

Through the simulation and the application, we showed that EPS is a promising way to incorporate individual level data sets like surveys or cohorts to adjust for unmeasured confounders in small area studies. Future work will extend the framework to deal with categorical instead of binary exposures and to several correlated exposure variables which are particularly relevant aspects in the field of environmental epidemiology aiming at feeding back policy makers on the epidemiological risk of environmental hazards.
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